Abstract. Accurate and reliable method for measuring the thickness of human cerebral cortex provides powerful tool for diagnosing and studying of a variety of neuro-degenerative and psychiatric disorders. In these studies, capturing the subtle longitudinal changes of cortical thickness during pathological or physiological development is of great importance. For this purpose, in this paper, we propose a 4D cortical thickness measuring method. Different from the existing temporal-independent methods, our method fully utilizes the 4D information given by temporal serial images. Therefore, it is much more resistant to noises from the imaging and pre-processing steps. The experiments on longitudinal image datasets from the Alzheimer's Disease Neuroimaging Initiative (ADNI) show that our method significantly improves the longitudinal stability, i.e. temporal consistency, in cortical thickness measurement, which is crucial for longitudinal study. Power analysis of the correlation between cortical thickness and Mini-Mental-Status-Examination (MMSE) score demonstrated that our method generates statistically more significant results when comparing with the 3D temporal-independent thickness measuring methods.
Introduction
Many recent anatomical magnetic resonance image (MRI) studies on the human brain have been focused on the cerebral cortex thickness analysis, because longitudinal variations in cortical thickness are found closely correlated to either Data used in the preparation of this article were obtained from the Alzheimers Disease Neuroimaging Initiative (ADNI) database (www.loni.ucla.edu/ADNI). As such, the investigators within the ADNI contributed to the design and implementation of ADNI and/or provided data but did not participate in analysis or writing of this report. ADNI investigators include (complete listing available at www.loni.ucla.edu/ADNI/Collaboration/ADNI Authorship list.pdf).
pathological (e.g. Alzheimer's disease) or physiological (e.g. normal aging) development of brains. Therefore, an accurate cortical thickness measuring method with longitudinal consistency and stability, which can detect and monitor the developmental changes of cortical thickness, is highly desirable. Many cortical thickness methods have been previously proposed. They can be broadly categorized as explicit surface based, implicit surface based and probabilistic segmentation based. In the explicit surface-based methods, after the inner (WM/GM interface) and outer (GM/CSF interface) surfaces are extracted by deformable surface models (which incorporate the smoothness constraints), the thickness is defined as the distance between a pair of points from each of the two surfaces. The correspondence between the two points in the pair is found either by deformable mapping of the inner surface to the outer surface [1, 2] , nearest point [3] or surface normal [4] . The disadvantages of using explicit surface are the extra computational cost and errors generated by the surface construction. In contrast, in implicit surface-based approaches, after segmentation of brain tissues, no surface mesh is explicitly constructed to represent the WM/GM and GM/CSF boundary. This makes the algorithms in this category more computationally efficient. The PDE-based [5] method is one of the representative approaches in this category [6, 7, 8] . In this method, Laplace's equation is solved in the GM region with certain boundary conditions (by setting different constant potentials on the two boundaries). The nested sub-layers of cortex is thus revealed by the resultant iso-potentials. The cortical thickness is then defined at each point as the length of the streamline along the gradient of the defined potential field. Some of the above methods are based on a hard segmentation of brain tissues. The disadvantage of using hard segmentation is the losing of sub-voxel information, which makes the algorithms very sensitive to the segmentation errors. To overcome this limitation, methods which measure the thickness on probabilistic segmentation of GM are proposed. Diffeomorphic registration of the probabilistic segmentation image is used in [9] to find a one-to-one correspondence of point pairs, between which cortical thickness is defined. Similarly, in [10] , thickness is defined as the minimum line integral across the probablistic GM segmentation.
The above existing methods can be considered as 3D thickness measuring approaches, because they are designed to measure the thickness temporalindependently and do not take into account the temporal correlation. In order to improve the measuring accuracy and stability in longitudinal thickness studies, in this paper, we aim to devise a 4D thickness measuring method which is capable of fully utilizing the temporal information provided by longitudinal image dataset. The reason why 4D thickness measurement is important and necessary is that, measuring cortical thickness from MR images is affected by many artifacts and noises, such as intensity inhomogeneity, partial volume (PV) effect and segmentation errors. Comparing the thickness of cortical structures (1.2 ∼ 4.5mm [11] ) to the the resolution of MR images (≈ 1mm), the errors introduced in the measuring process are considerably large. Therefore, if the thickness changes are evaluated as the difference between two temporal-independent 3D measurements, these errors will be amplified and result in jittery longitudinal measurements. Another fact makes the longitudinal study even more difficult is that the expected change in GM thickness during the early stages of some neurological disorders, e.g. Alzheimer's disease, has been shown to be less than 1mm in most brain regions [12, 13] . Since the cortical structure are only a few voxels thick in the images, sub-voxel accuracy is required to detect the subtle longitudinal thickness changes. In this situation, incorporating the information from other time-points as constraints to improve the accuracy and robustness of thickness measurement becomes very important. Currently, such temporal constraints are introduced by applying some sort of regression over the independently estimated 3D measurements. The problem of this regression-based method is that it imposes overly restrictive constraints due to the limitation of the pre-assumed regression model (usually linear), without taking into account the temporal correlation. This prompts us to incorporate the temporal constraints directly into the thickness measurement process. In this paper, after getting the 4D segmentation results of the longitudinal input images using a 4D segmentation method [14] , we propose to measure the thickness on the aligned GM probability maps of different time-points in a common stereotaxic space. In this way, information from all time-points can be easily incorporated.
Methods

Cortical Thickness Measurement by Minimum Line Integral
In [10] , a 3D thickness measurement is defined as the minimum line integral on the probabilistic segmentation of GM. As shown in Fig. 1 , the thickness on each voxel in the GM (denoted by red dot) is defined as the minimum line integral (denoted as yellow arrow) of the probability map of the GM (the underneath image) over all possible directions (denoted as a group of green arrows) passing through that voxel. Mathematically, this method can be expressed as:
where T (x) is the measured thickness of cortex at voxel x ∈ R 3 . P (x) ∈ [0 1] is the probability of the point x belonging to the GM. L x is the set of all possible lines in three-dimensional space passing through x. In implementation, L x is defined by evenly sampling on the unit sphere.
4D Cortical Thickness Measurement
As Fig. 2 shows, our 4D thickness measurement method consists of five steps. Without loss of generality, we use a longitudinal image dataset with one baseline scan and N − 1 follow-up scans to explain each step in the pipeline. 
Fig. 2. 4D cortical thickness measurement
Pre-processing: Intensity inhomogeneity is firstly corrected [15] . Next, the N − 1 follow-up images are rigidly (6 DOFs) registered to the baseline images, because the images are from the same subject with only translational or rotational misalignments. After that, the skull and cerebellum are removed [16] in baseline. Finally, by applying the resultant mask in baseline onto the aligned follow-up scans, we get consistent skull and cerebellum removing results in all followup scans.
Step 1 : Input the pre-processed images into a 4D segmentation algorithm (CLASSIC [14] ), to acquire the segmentation of GM with higher accuracy and longitudinal consistency. The probabilistic 4D segmentations of GM are denoted as
Step 2 : Register each follow-up to baseline using diffeomorphic demons registration [17] . The resultant deformation fields and warped probabilistic segmentation of GM are denoted as D i and D i (P i ), respectively. To quantify the expansion and contraction caused by transformation D i , on each voxel, the Jacobian determinant |J Di (x)| are calculated (as shown in step 2 of Fig. 2) . This map will be used as a scaling factor to correct the warped GM probability map D i (P i ) by preserving the probabilistic volume. The reason to impose the diffeomorphic constraints in the inter-timepoint registration is to seek a minimal deforming path. This property makes the deformation along the radial direction (the direction thickness changes) on the cortex mantle. In [9] , this property of diffeomorphic registration was also used to find the corresponding point pairs in thickness measurement.
Step 3 : In order to preserve the probabilistic volume, the warped GM probability map D i (P i ) is corrected by multiplying with the scaling factor:
This local probabilistic volume preserving step is also known as modulation in voxel-based morphometry [18] .
Step 4 : In the order of the scan time, the warped and corrected GM probability map of each time-point can be represented as P 1 , · · · , P N . Since these maps are in a standardized stereotaxic space (baseline space) and the probabilistic volume is preserved, for each GM voxel in this space, the minimal line integral direction can be defined as:
Different from the definition in 3D temporal-independent thickness measurement, l min is the optimal thickness measuring direction not only for a single time-point, but for all the images in the longitudinal image dataset. This means information from different time-points is fully utilized as constraint and guidance in finding the optimal measuring direction, which is the key factor in thickness measuring algorithms. Therefore, l min can be robustly estimated against the noises. The thickness at GM voxel x on the i-th time-point is then defined as the line integral on P i along l min :
In this 4D measurement, we can make sure that the thicknesses to be compared in the longitudinal study are based on a common measuring direction. This will make all the thickness values resistant to outliers and much more comparable than the 3D measurement.
Experiments and Results
The validation of cortical thickness measuring algorithm has been a difficult problem, because no gold standard is available and can be used to evaluate a measurement. It is very difficult to manually measure the thickness in 3D images, due to the highly convoluted nature of cortex. Instead of the direct validation, indirect validation method has been adopted to compare different thickness measuring methods [10, 19] . This method is based on the fact that cortical thickness has close relationship with the psychological functions of brain. In some diseases, such as Alzheimer's disease, the decrease of thickness has been found highly correlated to the psychological disorder [20, 21] which can be quantified by scores from some clinical examination, such as Mini-MentalStatus-Examination (MMSE) or Clinical Dementia Rating (CDR). Therefore, by comparing the correlations detected by different measuring method and the corresponding statistical significance, the accuracy and reliability of each method when applied in clinical studies can be evaluated [19] .
Data. Data used in the experiment were obtained from the public available ADNI database (www.loni.ucla.edu/ADNI). In our study, 40 patients with mild cognitive impairment (MCI) who later developed to probable Alzheimer's disease (AD) and, for comparison, 15 normal controls (NC) were selected. In MCI group, the average MMSE decline is 9.2 (within 2∼3 years), which indicates a substantial neuropsychological disorder has been developed. Therefore, the corresponding decrease of the cortical thickness is expected. In NC group, the average MMSE change is 1.3. Considering the possible MMSE assessment errors, subjects in this group can be regarded as neuropsychological healthy, and thus the cortical thickness is expected to keep stable (or slight decrease with normal aging).
Experiment design.
Since the 4D processing is introduced at both the segmentation step and the thickness measuring step, totally four different thickness measuring pipelines are compared in order to trace the source of the possible observed improvements. The four different combinations are: 3D segmentation and 3D thickness measurement (3S3T), 3D segmentation and 4D thickness measurement (3S4T), 4D segmentation and 3D thickness measurement (4S3T) and 4D segmentation and 4D thickness measurement (4S4T). After the 4 different thickness values are measured, in order to conduct voxel-wise group analysis, each subject's thickness maps are mapped onto the template space. Results on MCI group. Before the voxel-wise correlation analysis can be conducted in the template space, the mapped thickness is first smoothed using full-width-at-half-maximum (FWHM) Gaussian filter (σ = 8mm) in order to suppress possible registration errors and inter-subject structure variations. After that, Pearson's correlation between thickness and MMSE score is calculated voxel-wise within each subject. The average correlation within the MCI group are then computed by transforming the correlation coefficients to Fisher's z -value and transforming back. The resultant average correlations from the four methods are summarized in Fig. 3 . As we can see, when more 4D components are added into the pipeline, the higher correlation can be detected. The average correlation detected increases in the order 3S3T < 3S4T and 4S3T < 4S4T . Among all the four methods, the fully 4D method (4S4T) gives the highest correlation. This shows that both 4D segmentation and 4D thickness measurement can improve the accuracy and consistency for longitudinal thickness analysis. Superior/Mid Temporal Pole, Entorhinal Cortex and Middle/Inferior Temporal Gyrus are the five ROIs, in which the highest correlation are detected. These findings are consistent with those from [20, 21] .
Results on NC group. In the experiment on NC group, the stability (robustness) of different methods are compared in the situation that the change of thickness is very slight. For each subject, the average whole cortical thickness is computed at every time-point. This longitudinal average thickness change of the 15 NC subjects are shown in Fig. 4 . As we can see, 3D methods generate jittery changes which indicates the lack of longitudinal stability and consistency. In contrast, the proposed method is much more resistant to the noise and gives the most stable thickness measures. To quantitatively compare this stability, for each subject, a linear regression is performed on the longitudinal change curve and the fitting errors (residual) are computed. The results are summarized in Table 1 . Our method gives the smallest mean residual (which can be viewed as the estimated mean error) and the smallest standard deviation.
Conclusion
We presented a 4D cortical thickness measuring framework. By applying the minimal line integral thickness measuring method on the aligned probability maps of GM from each time-point, we incorporate longitudinal information into the thickness measurement as temporal constraints. Experiments on clinical images from ADNI show that our method can detect much higher correlation between cortical thickness and MMSE scores with higher statistical significance. This indirectly indicates that our method is much more consistent and accurate in thickness measurement for longitudinal data.
